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Recognition and analysis of defect types by convolutional neural network
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Abstract: In this paper, a method of the defect type recognition based on the convolutional neural network
is proposed by the original signal from the array ultrasonic testing. The method does not require feature
extraction of the original ultrasonic echo signals. The recognition performance and optimization characteristic
of different convolutional neural networks are studied and analyzed. Firstly, the experiments are conducted
by the ultrasonic phased array system to collect detection signals which comes from the flat-bottom hole,
spherical-bottom hole and via hole. Then, Lenet5, VGG16 and Resnet convolutional neural networks are used

to identify the defects in one and two dimensions, and the network is optimized by Leaky ReLU, Dropout and
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Batch Normalization respectively. Subsequently, the identification accuracy and efficiency are analyzed. It is

shown that 2-d convolution has higher recognition accuracy although its training speed is slower than that of

1-d convolution. At the same time, the identification accuracy will decline if the network model structure is too

complex, and the data enhancement and optimization methods can help to accelerate the convergence speed

and improve the accuracy.

Keywords: Convolutional neural network; Ultrasonic testing; Defect type recognition
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Fig. 2 ReLU and Leaky ReLU activation function
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Fig. 5 Echo signals of three defects
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Fig. 6 Data augmentation schematic
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Table 2 The number of data augmentation
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— 4k By
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A 3> 300 300
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K B A HEAT U ZRIN P ORBAE M 28 8RR S
HeFE SRS 90% FHTIZ5, 10% HI -k &3
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Table 3 Training and testing datasets

FEA K
RS — 4 Y
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Table 4 Parameters between different networks
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LEREE 3 3 2
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SIS A] 3 390 10.47 $.49.37 5.50.28 s. £ - 4EFFH
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IR 18] 43 51 263.8 $.494.1 5.521.5 so 1] LLEF
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Table 5 The influence of one-dimensional
convolution and two-dimensional convolution

models on identification accuracy

— Yk v
X ¢ 2
WM /% WA /s WERSE /% IIZRINTIA] /s
LeNet5  95.56 10.47 99.33 263.8
VGG16  98.89 49.37 100 494.1
ResNet  97.78 50.28 100 521.5

3.2 HIEEEIHRAERENZ

6 FRIR T A[R] W 4% 45 46 7 JiR 06 50 B A s
B 5 B AR T RILZE R, BRI ECN 100 k.
LeNet5.VGG16+ResNet 7EJR 655 5 F—4E 5
TR YRS i 2R 40 391 90% < 93.33% 90%, 4%
FRUASE AR R 1) VR 1 252 23 301l oM 96.67 %~ 100% - 96.67%,
Xof LG E 38 5 5 B0 2 A A R B, 1T LUE F
H U $8 5 5 5 ) 4% 45 4 10 R HE B R XA I T
Tt
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Table 6 The influence of data augmentation on identification accuracy

(7 %)
P £ 270 LeNet5-1D  VGG16-1D  ResNet-1D  LeNet5-2D  VGG16-2D  ResNet-2D
JER GG K 52 90.00 93.33 90.00 96.67 100 96.67
5 5 i AR 95.56 98.89 97.78 99.33 100 100

3.3 ERRBFHARERENZI

B — POEAH EX S HOEAT B IR, BB
TR BE A FE P, AR IR EOER 22 Ui B X £
PG A3 B, (H R AR 2 32 it il 40,
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FUEIEARAS R AR UG, X AR B Rf . NFR 7 1 L
F 1, LeNet5 7£ Il 25 100+ 200+ 300 #& VX I ) #E i 2
53 3N 90%- 93.33%- 96.67%, UERGFR —H ETF, 3t
WY 0 28 30V AT 58 A 400 &, Bl S A R 185 i 1 2%
WHIHER R T 5. VGG16 7E 1145 100 200+ 300 %
RIS HIVEE R 2293 391 9 93.33% 1. 96.6 7% 90% , ResNet
FEYNZ5 100+ 200+ 300 & IR INF ) THE A 22 53 501 9 90%
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i R 28 20 H AL 7 PRI, a0 B 3R A B X 4% 2 48 3
PhEr e HUETT UL, 75 P9 25 I 5 10 B A AR IR BORAS
e TR AT, R A A N SRR A TE AR IR B
IRE I,
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Table 7 The influence of iteration number

on identification accuracy

(Fh7: %)

4] 2% 25 71 100 epoch 200 epoch 300 epoch
LeNet5-1D 90.00 93.33 96.67
VGG16-1D 93.33 96.67 90.00
ResNet-1D 90.00 93.33 86.67
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AN B AL A 77 ¥4 (Dropout A1 Batch Normal-
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g, &5 R L W 24 ] Dropout I 8 2 8 97.78%,
YIZEITE]9 11.4 s, # H Batch Normalization i #E
B2 09 100%, WIZRIT RO 13.67 s, W5 HRAME
I VB 2640 95.56%, I RIS 1] 09 10.47 s &I 7€
7~ T3 MR ECAE I ek A2 Hh 56 IE 4 v A R 40 K
oR H b A %k AR B A2 4, BT BUE H Batch Nor-
malization 7E Y| Zid F2 A 5810 £ A ff 58 1 1 T8 i
P, BRAA IS, ULBUSOR FE TR SRERE, 1§
H Dropout 5% Batch Normalization 5 #A & Il £5 iif
) - #AE 7 —E RBGE i, (H 2 R R A — o R
Ft, Batch Normalization #H I NRH .

%8 Dropout 1 Batch Normalization ¥{i2
Rl RS
Table 8 The influence of Dropout and

Batch Normalization on identification ac-

curacy
W /% IR /s
1§ Ff} Dropout 97.78 11.4
1§ Fil Batch Normalization 100 13.67

HRAMEFH 95.56 10.47
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Fig. 7 Training curve of network
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P78 Ja B4 T U 25, Leaky ReLU #Hf \ A
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Table 9 The influence of ReLU and Leaky
ReLU on identification accuracy

f# /] ReLU i ] Leaky ReLU

TEWE /% 95.56 98.89

4 i

ASHIEFUR ] CNIN Xt 75 A (e 38 53R4T ik
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W28 S K, e AT AT IR, JF R R m iR
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(1) Aid M 2% h M AR B8 2, 78 S0t L,
RILVGG16 W25 (1) PEBE Z AL T LeNet5 F1 ResNet .
LeNetb 155 8 AH 0T ] 5, AN G 56 4 Hu 40L& 4, 1M
ResNet H AR ZE 450, fE R & E 7= T VGG16,
SEAEINGL R EE G A

(2) 18 HAH TR ) CNN g5 8 Il g, — 4 EE Lt
— AEEHE IR B R R v . 8 P AR R 1 CNIN 45
IR, GRS EEE— 45 Z T
+%, T DASE 47 Hb AL R E

(3) B 5/ P B % A5 FF 0090 3 5 BB e 4 vy
WHERA 2 . BT H B A T (8 S BB A =]
WAE T HAR AR, AR B FIABE (1) 3R B A AR PR A, H5cd 1
SER AL T LA 23 i X AN [l

(4) A B AR AL T B oA ) 48 iR ) A %
AT DATE 9 28 o K 380 bR 22O Leaky ReLU, ¥ 0
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